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Mesenchymal stem cellSurface topographies of materials considerably impact cellular behavior as they have been shown to
affect cell growth, provide cell guidance, and even induce cell differentiation. Consequently, for successful
application in tissue engineering, the contact interface of biomaterials needs to be optimized to induce
the required cell behavior. However, a rational design of biomaterial surfaces is severely hampered
because knowledge is lacking on the underlying biological mechanisms. Therefore, we previously devel-
oped a high-throughput screening device (TopoChip) that measures cell responses to large libraries of
parameterized topographical material surfaces. Here, we introduce a computational analysis of high-
throughput materiome data to capture the relationship between the surface topographies of materials
and cellular morphology. We apply robust statistical techniques to find surface topographies that best
promote a certain specified cellular response. By augmenting surface screening with data-driven model-
ing, we determine which properties of the surface topographies influence the morphological properties of
the cells. With this information, we build models that predict the cellular response to surface topogra-
phies that have not yet been measured. We analyze cellular morphology on 2176 surfaces, and find that
the surface topography significantly affects various cellular properties, including the roundness and size
of the nucleus, as well as the perimeter and orientation of the cells. Our learned models capture and accu-
rately predict these relationships and reveal a spectrum of topographies that induce various levels of cel-
lular morphologies. Taken together, this novel approach of high-throughput screening of materials and
subsequent analysis opens up possibilities for a rational design of biomaterial surfaces.
 2015 Acta Materialia Inc. Published by Elsevier Ltd. All rights reserved.1. Introduction
High-throughput screening has become a valuable tool for biol-
ogists. Examples of such tools range from drug discovery platforms
[1] to microfluidic cell-based assays [2]. In situations where biolog-
ical mechanisms are unknown and/or hard to simulate, such
screenings can help identify promising directions for new research.
Recently, we reported on the development of such a screening
platform for biomaterial surface topographies [3]. Biomaterials play
an important role in tissue engineering, as their surface has beenshown to affect cell behavior [4–7]. Such behavior can, for example,
lead to non-optimal functioning of implants (e.g. by encapsulating
an orthopedic implant with fibrous tissue). By control of cell mor-
phology through surface-based adhesion contrasts, it has moreover
been shown that surfaces can affect cell proliferation and even cell
differentiation. For example, the available space for spreading [8]
and the shape of this space [7,9] can affect the differentiation of
respectively human and rat mesenchymal stem cells (hMSCs/
rMSCs), steering them towards either osteogenesis or adipogenesis.
Cell morphologies can also be modulated through modification
of the surface topography. Topographies have been shown to affect
cell attachment (e.g. [10,11]), cell viability (e.g. [12]) and also cell
differentiation (e.g. [13–15]). Another example of the use of surface
topographies was given in Ref. [16], where microgroove surface






FeatSize The size of the bounding square for the primitives (10, 20 or
28 lm)
NumCirc The number of circles used
NumTri The number of triangles used
NumLine The number of lines used
CircDiam Circle diameter
TriSize Length of the shortest side of a triangle
LineLen Line length
RotSD The standard deviation (in degrees), is used to determine the
rotation of the primitives when they are placed in the feature
Rot The standard deviation for rotation of primitives scaled with
number of line and triangle primitives (since circle primitives
are unaffected by rotation)
WN0.1–
WN4
The fraction of energy in the signal in sinusoids with
wavenumber 0.1–4
CircArea The area of circle primitives
TriArea The area of triangle primitives
LineArea The area of line primitives
DC The number of circle primitives scaled by feature area
DT The number of triangle primitives scaled by feature area
DL The number of line primitives scaled by feature area
CA The total area of circle primitives scaled by feature area
TA The total area of triangle primitives scaled by feature area
LA The total area of line primitives scaled by feature area
CCD Number of color changes of the feature over the diagonal
Feature area refers to the feature size, which is a bounding square of 10, 20 or
28 lm (see FeatSize). Each feature contains primitives (circles, triangles and lines
(rectangles)). Features are repeated to cover the surface of a TopoUnit.
30 M. Hulsman et al. / Acta Biomaterialia 15 (2015) 29–38healthy collagen matrix. This is relevant to the healing of ligament
and tendons, in which unaligned cells negatively affect the struc-
ture of the collagen matrix. Similarly, in Ref. [17], the focus was
on replacement materials for bladder tissue. It was shown that
the use of a nanostructured material enhanced cell adhesion and
cell growth as well as elastin and collagen production. Surface
topographies are thus important tools in the engineering of
replacement tissues, such as muscles, bone and blood vesicles.
Finding surfaces that instruct cells to show a certain behavior is,
however, a challenging task, as the number of ways in which mate-
rials can be modified is virtually unlimited and the biological mech-
anisms behind cell–material interactions are not yet fully
understood. This implies that there is a need for a screening
approach in which one can measure the reactions of living cells to
a large set of material surfaces. The main focus to date has been
on the creation of surface topography gradients (e.g. [11,13,14]).
These gradients allow one to explore cellular responses across the
full range of a certain fabrication parameter within a single exper-
iment. More complex gradients can also be constructed, such as the
2-D gradient explored in Ref. [18]. However, the range of possible
surface topographies is large, and many design parameters and
their interactions can be considered. Such high-dimensional
parameter spaces become difficult to explore using gradients. Com-
binatorial (high-throughput) screenings [19] have been identified
as a possible solution to these problems, and have successfully been
applied for polymer-based biomaterial development [20].
In this regard, we have developed a chip (called TopoChip) on
which cells are grown within units (TopoUnits), each containing
a different patterned surface topography. In total, the chip contains
2176 distinct surfaces, each measured by two TopoUnits. High-
throughput fluorescence microscopy is used to determine cellular
responses at the single-cell level.
With the miniaturization (realized through the use of a chip-
based platform), combined with an algorithmic design of surface
topographies, the effects of numerous surface design parameters
can be explored within a single experiment. Through the standard-
ization of chip formats, the results of different experiments can be
compared.
Such a new high-throughput platform also reveals opportuni-
ties for new computational analysis methods. The large amount
of information produced enables a transition whereby surface
screening is augmented by surface modeling. That is, we can begin
to link the biological performance of a surface to its actual topo-
graphic design. This systematic approach to material research, in
which one combines screening with modeling, has been termed
‘‘materiomics’’ [21]. This gives insights that open the road to a
rational approach to surface discovery, which is useful, given that
the potential materiome is of infinite size.
In this work, we propose a materiomics-based computational
analysis for the TopoChip. To illustrate our analysis methods, we
explore the cell morphological responses of hMSCs (which are
known to be mechanosensitive) to different surface designs. We
learn models which relate such surface designs to the measured
cell morphology. In this way, we gain insight into the important
surface design properties. This finally allows us to predict cellular
responses to surfaces in silico.
We focus specifically on finding ‘‘hit’’ surfaces, i.e. those sur-
faces that best promote a certain specified cell behavior, as this
is one of the primary applications of biomaterial testing. This is a
challenging problem in a high-throughput setting, not only due
to the number of material surfaces tested, but also due to the min-
iaturization of the surface area required for designing an efficient
high-throughput platform. This means that the number of cells
tested per surface type is reduced, making results more susceptible
to (natural) variation. Nevertheless, across the whole chip, a large
amount of data is gathered for a large number of cells. We proposea hit ranking method that makes use of this data by taking into
account surface similarities and cell behavior similarities. This
allows us to share information between surfaces, thereby signifi-
cantly improving hit surface ranking performance and reducing
the number of replicate measurements required.
We make use of machine-learning techniques to learn models
that link cell responses to surface descriptions. We show how the
use of robust statistics enables us to obtain high-quality hit rankings
and create predictive models that are consistent across experiments.
Over the years, various studies within the (molecular) biomaterials
field have investigated the use of machine-learning algorithms for
various applications [22], ranging from protein adsorption perfor-
mance predictions [23] to drug-release kinetics predictions [24].
Their correctness and predictive quality generally depend on the
number of measurements that are used to learn the model. With
the TopoChip, we now have, for the first time, access to measure-
ments across thousands of surfaces, enabling these methods to learn
unprecedentedly detailed models of the cell–surface relationship.
To show how the surfaces affect the morphologies of hMSC
cells, we perform in this study an eight-chip experiment, constitut-
ing 35,000 surfaces, on which half a million hMSCs are grown. By
measuring the morphology of each of these cells, we show that the
surfaces consistently induce a whole range of different morpholo-
gies. We generalize across all measurements to determine how the
surfaces influence these morphological responses. Based on this,
we generate spectra of surfaces that induce the whole range of pos-
sible morphological property values, and show how models allow
us to predict these morphological property values for new surfaces
in silico.2. Material and methods
2.1. General approach
2.1.1. TopoChip
The TopoChip, which has dimensions of 2  2 cm, measures the
effect of 2176 different topographical surfaces on cell behavior
Fig. 1. The TopoChip. EM image of the TopoChip, showing the different surface
topographies in each unit. Each chip consists of 4356 TopoUnits (2176 unique






Area Number of pixels in a region
Eccentricity The eccentricity of the ellipse that has the same second-
moments as the region. Eccentricity is the ratio of the
distance between the foci of the ellipse and its major
axis length
EulerNumber The number of separate components in the region
minus the number of holes in those components
Extent The proportion of pixels in the bounding box that are
also in the region
FormFactor Calculated as 4p  area/perimeter2. Equals 1 for a
circular object
IntegratedIntensity The sum of the pixel intensities within the region
MajorAxisLength Length (in pixels) of the major axis of the ellipse that
has the same normalized second central moments of
the region
MassDisplacement The distance between the centers of gravity in the gray-
level representation of the object and the binary
representation of the object
MaxIntensity Maximal intensity of the pixels within the region
MinorAxisLength Length (in pixels) of the minor axis of the ellipse that
has the same normalized second central moments of
the region
Orientation The angle (from 90 to 90) between the x-axis and the
major axis of the ellipse that has the same second
moments as the region
Perimeter The total number of pixels around the boundary of a
region
Solidity The proportion of pixels in the convex hull that are also
in the region
The morphological measures, determined using Cell Profiler [14], are used to
represent the nuclei shapes (DNA staining) and cell shapes (actin staining). Full
measures are described as ‘‘Region Measure StainingLocation’’, with Region being
Cell or Nucleus, Measure being a measure from this table, and StainingLocation
being Nucleus or Cytoplasm. For example, Nucleus MaxIntensity Cytoplasm
describes, within the nucleus region, the maximum intensity of the actin staining
within the cytoplasm.
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repeated in both the horizontal and vertical directions to create a
surface pattern. A feature consists of a variable number of primi-
tives: circles, triangles and rectangles. Each of these surfaces is
placed twice on the chip, in rectangular bordered areas called
TopoUnits. Surfaces are constructed algorithmically, and character-
ized through different properties (Table 1). TopoChips are made by
hot embossing a 250 lm thick (poly)lactic acid film (Folienwerk
Wolfen GmbH) with a silicon mould containing the inverse pat-
tern. The silicon mould is fabricated by photolithography and deep
reactive etching, as described in Ref. [3]. Cells are cultured on the
chip and imaged using fluorescence microscopy.
2.1.2. Data acquisition
To determine the response of the cells to each of the surfaces on
the chip, we quantify the cells in each TopoUnit at the single-cell
level. First, raw chip images are pre-processed to correct for imag-
ing artifacts and quantify quality issues (see Appendix B), after
which images of the individual TopoUnits on the chip are created.
Next, we used Cell Profiler to segment (see Section 2.2 in Appendix
B) and characterize cells at the single-cell level, using various
descriptors describing both the cell and the nucleus shape (Table 2).
As a result, we obtain cell responses for all distinct surfaces (16
replicates each), with all surface replicates (TopoUnits) being
described through the following measures: (i) cell counts and 32
morphological properties for all the cells (Table 2); (ii) 30 proper-
ties describing various aspects of the TopoUnit surface (Table 1);
and (iii) a set of quality control properties (see Table B.1 in Appen-
dix B).
2.1.3. Data analysis
Then surface–cell response models are learned based on the
topographic properties and cell/nucleus descriptors available for
each TopoUnit. We rely on robust statistical analysis and
machine-learning techniques to be able to deal with the noisy data
as a result of the low number of cells in a TopoUnit and to derive
predictive models for the cell–surface associations.
2.2. Data acquisition
2.2.1. TopoChip cell seeding and staining
Eight TopoChips were seeded with passage 3 hMSCs (Lonza) at a
density of 4000 cells cm2. The TopoChip experiment as well asprevious cell expansions were performed in a-minimal essential
medium (Gibco, 22-571-038) supplemented with 10% fetal bovine
serum (Lonza), 2 mM L-glutamine (Gibco, 25030), 0.2 mM ascorbic
acid (Sigma, A8960) and 100 U ml1 penicillin + 100 g ml1 strep-
tomycin (Gibco, 15140-122). After a growth period of 7 days, the
cells were fixed with 10% formalin for 15 min. After fixation the
cells were permeabilized with 0.1% Triton X-100 for 10 min,
blocked with 4% bovine albumin serum and incubated with phal-
loidin–Alexa488 (Invitrogen) 1:100 for 30 min and 40,6-diamidi-
no-2-phenylindole (DAPI; Thermo Fisher) for 10 min, before
being mounted in Mowiol mounting medium (Sigma).
2.2.2. Imaging
The chips were imaged using a BD Pathway 435 automated
microscope. A total of 4356 images (one for each TopoUnit) were
acquired for each chip and fluorescence channel. These were all
combined into a large montage (of 62,964  62,964 pixels, i.e.
3964 megapixels).
2.2.3. Image processing
Flat-field correction and image normalization (contrast stretch-
ing) were performed, and the background was estimated and sub-
tracted. A set of quality control features were also calculated, to be
used to detect outliers (see Appendix B). For each TopoUnit and
fluorescence image, montage images were cropped into separate
images of 800  800 pixels.
2.2.4. Measuring cell morphologies
For each of the TopoUnit images, Cell Profiler [25] was
employed to capture the cell morphology of the cells growing in
32 M. Hulsman et al. / Acta Biomaterialia 15 (2015) 29–38that unit. To this end, the DAPI staining was used to recognize
nuclei, using the Otsu Adaptive thresholding method. Subse-
quently, each of these nuclei was used to initiate the search for a
corresponding cell, by making use of the Alexa488 staining, Otsu
adaptive thresholding and the provided propagation algorithm.
Measurements were performed on the resulting shapes. For the
final morphology measurements (except for cell alignment), we
took the median across all cells in a TopoUnit. Cell alignment per
TopoUnit was calculated by aligning all of the cells maximally by
turning their orientation 180 degrees, and subsequently calculat-
ing the mean absolute deviation over these orientations.3. Calculation
One of the primary uses of high-throughput biomaterial testing
is to find ‘‘hits’’, i.e. those material surfaces that best evoke a cer-
tain cell response. While a high-throughput chip such as the Topo-
Chip allows one to test many surfaces in parallel, the tested area
for each surface is reduced. Consequently, the measured cell mor-
phology is more variable, which can make it difficult to reliably
identify hits. Similar to what is commonplace in gene expression
microarray testing, however, one can make use of multiple repli-
cates. This allows for an improved estimate of the mean surface
performance and also makes it possible to determine the variabil-
ity of the measurements, which one can use to check the signifi-
cance of the result and control for outliers.
3.1. Ranking surface-induced cell responses with a robust statistical
test
The commonly used post hoc analysis of variance (ANOVA) tests
only rank surfaces based on their mean performance. We believed
that a surface ranking which also takes into account the variance
would give improved results, by being more robust to outliers (Sec-
tion 2.4 of Appendix B describes how this is accomplished). As sta-
tistical functions, the Mann–Whitney U-test and Welch’s t-test
(allowing unequal variances) are compared to rankings based on
the mean (i.e. the same ordering as ANOVA) and the median.
In Fig. 2a, we illustrate the performance of these statistics by
ranking surfaces on their effect on the roundness of the nucleus
(known as nucleus form factor), as we know that this specific char-
acteristic is influenced by surface topography (Fig. 4). As we do notFig. 2. Surface ranking performance. Surface ranking consistency for (a) model-free an
subsets, one of eight replicates (i.e. four chips) and one of one, two, four or eight replicat
factor and compared using Spearman correlation (y-axis). Each ranking method is comp
Mann–Whitney U-test ranking is compared to an M-estimation regression ranking.know the ‘‘true ranking’’, we instead determine, for each statistic,
the consistency between two surface rankings. Specifically, we
looked at a ranking based on one, two, four or eight replicates,
and compared it to a ranking (obtained using the same statistic)
that was calculated using eight other replicates (note that there
are 16 replicates). As both surface rankings should reflect the same
‘‘true ranking’’, we expect that more consistent rankings reflect a
better performing statistic. To capture this, we calculated the
Spearman correlation (rank correlation) between these two rank-
ings (averaged over 25 repeats of dividing the 16 replicates into
two sets).
We find that robust statistics, based on ranks (both the median
and the Mann–Whitney U-test), perform significantly better, likely
due to their capacity to handle outliers. Furthermore, taking the
distribution of the replicate measurements (in the Mann–Whitney
U-test) into account further improves performance. We see the
same results not only for different numbers of chips, but also for
other morphological properties (with a mean rank correlation of
0.39 for the Mann–Whitney U-test; the next best statistic is the
median statistic, with a mean rank correlation of 0.35), based on
which we use the Mann–Whitney U-test as the default ranking
method.3.2. Model-based ranking of surfaces inducing a specific cellular
response
As indicated in Fig. 2a, a significant number of chips might be
required to obtain a good ranking performance. We propose an
alternative solution: one can (virtually) increase the number of
replicate measurements by sharing information across similar sur-
faces. This means that we need to determine which surfaces are
similar in terms of their influence on a certain cell morphological
parameter. We realize this by regressing the measured cell mor-
phology to surface properties using ordinary linear regression,
Lasso regression [26], M-estimation regression [27], support vector
regression [28] or regression trees (see Section 2.5 of Appendix B
for details). Surfaces can then be ordered with the regression
model.
Fig. 2b shows the results (evaluated using 10-fold cross-valida-
tion) for the ordinary linear regression, Lasso regression and M-
estimation regression models. Note that the ranking consistency
of these model-based methods is far higher than those obtainedd (b) model-based approaches. An eight-chip experiment is split 25 times in two
es. For both subsets, surface ranks are determined with respect to the nucleus form
ared against itself, except for the last entry in (b), where an eight-replicate based
Fig. 3. Model-free vs. model-based ranking consistency, comparing the perfor-
mance of a model-based (M-estimation regression) ranking with a Mann–Whitney
U-test ranking and comparing the consistency of both (rank correlation) to a Mann–
Whitney U-test ranking on a different set of replicates (replicates selection and
ranking repeated 25 times). Each gray line connects the performances of a single
morphological parameter. The red dotted lines show performances of the SVR-RBF-
based test for Nucleus Form Factor and Cell Orientation. The set of tested
morphological properties is the same as in Fig. 4.
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model-free statistics, we find that the method robust to outliers
(M-estimation regression) results in the best consistency, attaining
a Spearman correlation of 0.99. Moreover, the M-estimation
regression ranking obtained using two replicates performs better
than the Mann–Whitney U-test ranking obtained using eight repli-
cates (determined by correlating both to a separate Mann–Whit-
ney U-test ranking), indicating that the model-based method has
superior ranking performance.Fig. 4. Effect of topographies on cell morphology. Influence of surface on different morp
the Kruskal–Wallis test. The red line indicates the 0.05 significance threshold after BonfWhile the model-based approach (M-estimation regression) can
give us a much-improved surface ranking, it differs from the
model-free approach (Mann–Whitney U-test) in that a model of
the surface–cell response relations is required. We therefore deter-
mined whether the various surface–response relationships can
actually be captured in an automatically learned model. To this
end, we plotted the performances of the model-based (M-estima-
tion regression) and the model-free (Mann–Whitney U-test) rank-
ing against each other (Fig. 3). It shows that, for most
morphological properties, the model-based approach performs
better or similar compared to the model-free approach, suggesting
a correctly learned model. As expected, with increasing numbers of
replicates, the model-free approach catches up to the model-based
approach. Thus, when enough replicate measurements are avail-
able on the surface itself, measurements on similar surfaces (which
are used by model-based tests) no longer provide additional infor-
mation. However, in many practical cases, a large number of repli-
cates will not be available, in which cases the model-based
approach is the preferred way to rank surfaces.
For two properties, cell and nucleus orientation, a model-free
ranking approach clearly performs better. This is likely due to the
fact that surface properties do not include an adequate description
of the overall surface primitive orientations. As an alternative solu-
tion, we tested a more advanced regression method (support vec-
tor regression using a radial basis function kernel, SVR-RBF). The
SVR-RBF improves the ranking consistency with the Mann–Whit-
ney U-test to 0.59, as compared to 0.10 for the M-estimation
regression (see the red-dotted line in Fig. 3). The support vector
regression uses a robust loss function, similar to M-estimation
regression, but additionally is able to derive relations based on
nonlinear combinations of surface properties, which apparently is
necessary to predict cell orientation accurately. The SVR-RBF
method, however, has a large computational cost due to the
required optimization of three hyper-parameters. Furthermore, it
is difficult to interpret the predictive model due to its non-linear-
ity. For these reasons, we use the M-estimation regression in our
analyses and use the SVR-RBF only for detailed investigations.hological properties (see Table 2 for a description). The p-value is determined using
eroni multiple testing correction (corresponding log10 p-value = 2.8).
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4.1. Surfaces influence cell morphology
To ascertain whether surfaces actually influence the observed
cell responses, we performed a Kruskal–Wallis test [29] for each
cell morphological parameter separately against all surface topog-
raphies grouped by the replicates. This determines whether a cell
morphological parameter differs significantly between the 2176
surfaces as compared to the variations within the replicates.
Fig. 4 shows the results for the 33 morphological properties
(Table 2). Even after Bonferroni multiple testing correction [30],
the Kruskal–Wallis p-values are strongly significant, indicating that
most morphological properties are influenced by the surface
topography at least to some extent.
From the 33 morphological properties, the nucleus form factor
(i.e. the ‘‘roundness’’ of the nucleus, defined as 4p  area/ (perim-
eter)2, where the area and perimeter are measured over the
detected nucleus) turns out to have the most significant response
to changes in the surface topography (also clearly visible in
Fig. 5). The cell orientation and the maximum intensity of the DAPI
staining within the cell/nucleus also show highly significant
effects.
This can be understood for some morphological properties that
do not show a significant effect on changes in surface topographies.
‘‘Euler Number’’, for example, represents the number of holes in
the binarized staining image of a cell/nuclei. This has no immediate
biological interpretation in the current context, and as such func-
tions as an appropriate negative control. The total amount of
DNA staining (‘‘Integrated Intensity Nucleus’’) is also relatively
unaffected by differences in the surfaces, consistent with the
expectation that the amount of DNA per cell is unlikely to be influ-
enced by surface topography. On the other hand, ‘‘Cell Area’’ only
moderately responds to the surface changes. We should, however,
take care in accepting this conclusion, as both technical (e.g. seg-
mentation errors) and natural variation might overwhelm the sig-
nal. In particular, the lower significance can be explained to some
extent by variations in the cell density per surface (due either toFig. 5. Ranking of surfaces by nucleus roundness. SVR-RBF ranking of the nucleus form
material. Surface topographies are shown for the three lowest and three highest ranked
Surfaces are colored according to their Mann–Whitney U-test ranking (which is similar
highest and lowest ranked surfaces show the nucleus and cytoskeleton staining in red a
Fig. 6. Ranking of surfaces by nucleus maximum intensity. SVR-RBF ranking of the nucleu
polylactic acid material. See Fig. 5 for more details.cell attachment or cell proliferation differences). An increase in cell
density leads to a decrease in the average area per cell, due to cell
overlap and/or competition for space. Correcting for this effect
(Section 2.3 in Appendix B) gives rise to a (limited) increase in sig-
nificance. In contrast, a decrease in significance after this correc-
tion is observed for the mass displacement parameters and the
major axis length of cells, possibly because these factors are closely
correlated to surface designs that have a positive influence on cell
density. For other cases, however, the variability in cell density has
negligible effects on the results.
4.2. Ranking surfaces on their effect on cell morphology
4.2.1. Non-roundness of nucleus induced by confined, elongated
topographic spaces
We explored which surfaces affect the nucleus roundness (form
factor) using the developed model-based SVR-RBF ranking method
(see Section 3.3). The topography of the lowest ranked surfaces
(left in Fig. 5) suggests that non-round nuclei are induced by con-
fined, elongated, topographical spaces. Using the whole set of sur-
faces, a rank correlation of 0.41 is obtained between the nucleus
form factor and the cell form factor, indicating that deformation
of the cell cytoskeleton coincides with nucleus shape deformation.
Moreover, nucleus orientation has a correlation coefficient of 0.75
with cell orientation, showing that the elongated nuclei point in
the same direction as the elongated cells. This is also clearly
noticeable in the fluorescence images of the top three high and
low ranking surfaces in Fig. 5. Round nuclei are only obtained
when cells have enough space to spread out. Curiously, the two
empty surfaces on the chip are not among the top ranked
(although they are ranked high at places 50 and 279 using the
Mann–Whitney U-test). However, we cannot conclude that the
placement of a few primitives on a surface induces extra round-
ness, as there is a non-significant difference between the response
of the top ranked surfaces and the empty surfaces.
Nucleus morphology and cell morphology lose their correlation
when the nucleus is directly compacted by the surface structures.
We consider the nucleus maximum intensity to be a measure thatfactor (nucleus roundness) for hMSC cells growing on patterned polylactic acid
surfaces. These patterns are repeated many times across the surface of a TopoUnit.
to the SVR-RBF ranking). The fluorescence images corresponding to the top three
nd green, respectively.
s maximum intensity property (DAPI staining) for hMSC cells growing on patterned
Fig. 7. Ranking of surfaces by cell alignment consistency. SVR-RBF ranking of the cell alignment for hMSC cells growing on patterned polylactic acid material. See Fig. 5 for
more details.
Fig. 8. Relation of surface properties to nucleus form factor. Two models relate the surface properties (normalized) to the nucleus form factor. (a) M-estimation regression
determined the surface property weights. To check the extent to which these weights are affected by random variations, four replicates were sampled from the experiment
100 times. On each of these samples, an M-estimation regressor was constructed, the weights of which are shown as red dots. The bars show the average of the weights per
surface property. (b) Use of surface properties by a pruned regression tree. Starting from the top of the tree, one travels down by answering the ‘‘questions’’ at each node for a
specific surface. Values at the leaves give predicted form factor values. For each leaf, the most ‘‘central’’ surface (minimum squared distance to other surfaces in terms of
surface properties) is shown. The color of each branch indicates the average value of the nucleus form factor (yellow = larger form factor) for all surfaces passing through that
branch, while the thickness of the branch represents the number of surfaces passing through it.
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point (as the nucleus integrated intensity has shown to be rela-
tively unaffected by the surface choice). In Fig. 6, it is shown that
the nuclei with the highest compaction fill the space between four
surface features, thereby behaving differently from the cells they
belong to, which are guided through the tight grooves between
the topographical features.
4.2.2. Using surface patterns to guide cells
Contact guidance is a basic behavior of cell alignment on aniso-
tropic surfaces. While cells orientate on a stripe-micropatterned
surface without significant surface roughness [31], surface topog-
raphy can also guide cell orientation. To determine the extent to
which the topographies can influence the growth direction of cells,
we studied the alignment of the orientation of cells to each other.
To that end, we calculated the degree to which cells were oriented
in the same direction (see Section 2.1 in Appendix B). Similar to the
other features, we ranked the surfaces based on their cell orienta-
tion alignment score (Fig. 7). Parallel microgrooves with only min-
imal or no openings between the grooves result in the best cell
orientation alignment. This holds for a range of groove widths.
The best cell orientation alignment is achieved with groove widths
of 2.5–14.1 lm (for the 10 surfaces with the highest cell alignment
score). Protrusions of surface primitives into these grooves can
cause bottlenecks. Without these protrusions, groove widths range
from 5.1 to 16.6 lm. On the other hand, the width of the openings
that connect the main grooves (which are too small for cells)
ranges from 0.0 to 4.5 lm without protrusions (with 9/10 smallerthan 2.6 lm). Of the 10 surfaces with the lowest cell orientation
alignment, five induce cells to grow in a crosswise pattern. For
these, we observe a minimum groove width of 1.9 lm with protru-
sions and 4.5 lm without protrusions.
4.3. Finding relevant surface properties relevant to promote cell
response
To understand why a particular topography promotes certain
cell responses, it is not sufficient to score and rank surfaces.
Instead, one needs to understand which property of the topogra-
phy is beneficial. As the model-based method predicts cell
responses on the basis of the topographical properties, learning
their weights gives an indication of their relevance. Fig. 8a shows
the weights of the (normalized) surface properties when using
the M-estimation regression to predict the nucleus form factor
based on all 16 replicates. To get an impression of the certainty
of the estimated weights, we calculated 100 different M-estima-
tion regressors, each based on four replicates randomly sampled
from the 16 replicates available. The red dots indicate the weights
of the different models, and show that there is considerable agree-
ment. Hence, the high reproducibility gives confidence to interpret
the weights learned.
4.3.1. Open spaces promote nucleus roundness
For the nucleus form factor, we observe that the WN0.1 surface
property has the highest absolute weight (Fig. 8a). This property
captures surface patterns with a small wavelength (a grid-like
Fig. 9. Performance of the nucleus form factor prediction. Cell surface response
predictions vs. observed results for the nucleus form factor.
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nuclear form factor, which is related to the roundness of a nucleus
(negative weights in Fig. 8a). The LA, TA and CA properties (see
Table 1 for definitions) also have high negative weights, indicating
that the fractions of surface area covered by lines, triangles and cir-
cles, respectively, also affect the nucleus form factor negatively. On
the other hand, a large feature size has a positive influence. All
these surface properties indicate that large open spaces promote
round nuclei. Note that the model makes almost no distinction
between circles and triangles, which suggests that the sharpness
of the surface features does not play a significant role.
4.3.2. Finding relevant combinations of surface properties
Looking at the individual weights of the M-estimation regres-
sion does not give any insight into the possible combinatorial
interactions between the surface properties necessary to promote
a cell response. To determine if such combinatorial interactions
could affect our interpretation, we trained a regression tree on all
replicate data. The pruning step of the regression tree has a
built-in feature selection mechanism. Consequently, the learned
tree represents the combinatorial decisions that successfully pre-
dict cell responses. Fig. 8b shows the learned regression tree when
predicting the nucleus form factor. The tree structure is relatively
easy to interpret, and it shows that the combination of a low score
for small wavelengths (WN0.1) and a high score for large wave-
lengths (WN1.5) is enough to separate high scoring surfaces from
low scoring ones. The large wavelength property selects for sur-
faces that have open spaces in a way similar to the combination
of LA, TA and CA mentioned in the previous section. Indeed,
WN1.5 is negatively correlated with the mean of LA, TA and CA
(a Spearman correlation of 0.62). Other decision points in the
regression tree are also in good agreement with the individual
M-estimation regressions, indicating that there are no noteworthy
combinatorial interactions. The regression tree thus confirms that
the presence of large open spaces is the most important factor
for obtaining round nuclei.
4.4. Predicting surface responses in silico
Although our TopoChip tested 2176 surfaces, this is still only a
very limited set of possible surface topographies. To explore
untested surface topographies we are interested whether we can
predict the performance of untested surface topographies for spe-
cific cell responses. For that, we can use the regression models that
we learned on the basis of the 2176 surfaces. These models predict
cell responses and can do so even for unobserved topographies,
since one only needs a description of the surface properties, which
we can calculate beforehand. To determine if a trained regression
model can predict the performance of unseen surfaces accurately,
we performed a cross-validation evaluation by repeatedly using a
subset of surface topographies for training the regression models
and using the remaining surface topographies for testing, i.e. con-
sidering them to be unobserved (thus mimicking the situation as if
they were measured with a new TopoChip). For the surface topog-
raphies used for testing, we can compare the predicted cell
responses with the actual measured ones, thus giving an indication
of the performance on unseen surfaces. Fig. 9 shows the results for
the nucleus form factor prediction using M-estimation regression,
which indicates that the predictor accurately predicts the cell
responses to new surfaces, with a Pearson correlation of 0.71
between the predicted and actual measurements. Note that we val-
idate the predictions using the cell responses measured for individ-
ual surfaces, which, given the limited testing area available per
surface, are affected by measurement variability. Therefore, a per-
fect score cannot be expected. For the Nucleus Maximum Intensity,
we obtain a similar score of 0.68. In contrast, Cell Alignment ispredicted moderately by the M-estimation regression, attaining a
Pearson correlation of 0.25 (this does not improve when using
the SVR-RBF approach). This might indicate a limitation in describ-
ing the surface topographies using surface properties when pre-
dicting Cell Alignment – or that Cell Alignment shows a less
consistent surface effect, as observed with the Kruskal–Wallis test.
Nevertheless, for most cellular properties we can accurately pre-
dict the response for unseen surface topographies (Fig. B.9 in
Appendix B).5. Discussion
The advent of high-throughput screening of biomaterial sur-
faces opens up a completely new view on optimizing surfaces to
influence cell behavior. We have presented a number of different
computational analyses (surface hit detection and ordering, finding
relevant surface properties and predicting cell responses) that
illustrate these opportunities. Surface ordering allows us to obtain
a (visual) impression of the spectrum of surfaces that induce a cer-
tain range of cell behavior. The model-based scoring methods also
make it possible to find the particular surface properties that are
advantageous for a cell response. This gives insights that open
the road towards the rational design of biomaterials. Finally, we
showed that the model-based scoring methods are able to predict
cell responses for new (unseen) topographies, which could guide
both the rational design and experimental optimization of surfaces.
5.1. Computational implications
We found that one of the most important criteria in performing
the analysis is the statistical robustness of the approaches used.
Working with living cells in a miniaturized environment implies a
large amount of natural and technical variation. This often causes
outliers, to which regular statistics are sensitive. We have shown
that proper pre-processing (automatic removal of outliers; see
Appendix B) and the use of robust statistics are necessary and prom-
ising tools guiding the interpretation of the large amount of data.
Another important observation is that the use of parameterized
surfaces in the design of the chip allows one to use machine learn-
ing to significantly increase statistical power. This approach, which
exploits the similarity of materials, can be seen as an intermediate
between testing material gradient surfaces (e.g. [11,13,14,32]) and
testing discrete surfaces, combining the best of both worlds.
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be tested in a single experiment, thereby reducing the chance of
methodological errors. Also, results between (slightly) different
surfaces can be shared, allowing for an increase in statistical
power. On the other hand, similar to the use of discrete surfaces,
there is freedom to vary any surface parameter in ways that could
not be accomplished using gradients. Also, cells can be grown in
confinement on each specific surface, thereby preventing
unwanted interactions between cells growing on different surfaces
and enabling us to easily determine the corresponding surface
parameters for each cell on the chip.
Models based on machine-learning techniques play a large role
in this work. They capture cell–surface relations, give insight into
what kinds of topography affect cell morphology/behavior and,
most importantly, can be extrapolated to new (untested) topogra-
phies. This is a relevant step: it is unlikely that one will find the
optimal surface through a simple sampling approach. While we
were able to validate the predictor through cross-validation tech-
niques, experiments in which one would use such a predictor to
suggest more optimal surfaces will have to adopt a combination
of high-throughput and iterative testing approaches, in which the
results of earlier iterations of surface testing will inform what sur-
faces to test in subsequent iterations. Only such an active learning
approach [33] can truly solve the surface optimization question.
There are also a number of limitations. Explaining cell behavior
in modeling terms requires an adequate characterization of the
surface designs. For example, our limited ability to model cell
alignment is likely due to this issue: by mostly characterizing the
surface primitives and not the grooves that separate them, the
modeling approach lacks adequate input. Secondly, modeling is
not advantageous for cases in which only one of the surfaces shows
the interesting cell behavior. In such situations, information cannot
be shared across surfaces. However, the large number of (relatively
similar) surfaces sampled by the TopoChip makes this situation
unlikely to occur.
5.2. Biological implications
The results make it clear that surface topographies strongly
affect cell morphology, in a reproducible and predictable manner.
We found that the statistical models, even given the uncertain
measurements, were still highly reproducible (the median rank
correlation between independent replicate sets across all
morphological properties was 0.77 and 0.88 for the M-estimation
regression trained on one and two chips, respectively, and the cor-
responding values for SVR-RBF were 0.81 and 0.90).
We focused here on the relation between surface topography
and cell morphology. The control of cell morphology has important
consequences for cell behavior and is initiated by cell mechanosen-
sory signals, which, through mechanotransduction systems, affect
the activity of the mechanoresponse pathways [34]. While gener-
ally it is proposed that these signals are propagated to the nucleus
through the use of chemical signals, it has been suggested that the
shape of the nucleus in itself also affects cell regulation [35–37].
Recently, it was shown that the dynamic attachment of the gen-
ome to the nuclear lamina (which provides mechanical support
to the nucleus [38]) correlates with gene expression activity [39].
The spectrum of surfaces as discussed in our work induces a large
set of nuclear morphologies (round to elongated, compact to
spread out), which can facilitate further study of this connection
between nucleus shape and cell regulation. We observed that the
shape and orientation of the nucleus is correlated to the cell’s
shape and orientation. This effect is most likely mediated through
the cytoskeleton [36], implying a role for the cytoskeleton as a
mechanotransductory system [40]. Consequently, nucleus
morphology measurements can be used as a proxy for cellmorphology measurements (which can be difficult to measure,
due to e.g. cell overlap). Note that this conclusion is justified only
for the ‘‘ordinary’’ cases. We observe that the correlation between
cell morphology and nucleus morphology breaks down when the
nuclei are directly affected by the surface design due to tight space
constraints for the cells. This is supported by recent findings in
which serious deformation of cell nuclei has been found on micro-
pillar arrays with appropriate parameters, resulting in some very
interesting cell nuclei shapes, such as squares, crosses, dumbbells
and asymmetrically protruded spheres [41]. Enriching these mor-
phological descriptions with either 3-D or dynamic (over time)
measurements might be an interesting avenue.
As well as cell shape, we also looked at cell guidance, which was
shown to have a number of important potential applications, e.g.
muscle [42] and blood vessel regeneration [43]. Cell guidance
through surface topographies has been researched using groove
topographies (e.g. [44]). Our investigation of a spectrum of surface
patterns confirms the role of microgrooves between features as
they rank highest considering how well the orientation of cells
are aligned. Additionally, we show the extent to which obstacles
may protrude into the microgroove channels. Protrusions (from
the sides of the grooves) that result in the smallest width of the
groove being approximately 2 lm still allow hMSCs to grow
through the groove. Non-protruded parts of the groove should,
however, measure a minimum of 4.5 lm in width, as smaller chan-
nels were observed to block cell growth.
The combined use of grooves and protrusions can provide addi-
tional control of the cell. In Fig. 6, it can be seen that the combina-
tion of a groove and protrusions leads to strong nuclei compaction.
In the future, it will be interesting to determine if a combination of
grooves and protrusions will allow us to modulate cell behavior
beyond just cell guidance.
5.3. Conclusion
The statistical and modeling methods discussed in this work
enable us to determine surface-affected cellular properties, find
spectra of surfaces that modulate such properties, determine the
relevant underlying surface parameters and predict cell responses
for new surfaces. In particular, the proposed approaches are
designed to analyze cell responses to all available surfaces simulta-
neously, thereby improving statistical power. This approach can be
easily applied to study other types of cell responses (e.g. gene
activity), or to test the effect of other factors, such as growth fac-
tors, gene knockouts or the use of different cell types [45], on cell
surface responses. In this way, the methods discussed here could
help drive forward the search for optimal biomaterials and related
cellular mechanisms.
Disclosures
J.d.B., B.P. and C.v.B. are shareholders of Materiomics B.V., which
commercializes the TopoChip Platform.
Acknowledgements
M.H. acknowledges the financial support of the STW program.
F.H. acknowledges the financial support of the NanoNext NL pro-
gram, project 06C.12: High throughput screening of biologically
active surface nano-topographies.
Appendix A. Figures with essential color discrimination
Certain figures in this article, particularly Figs. 2–8 are difficult
to interpret in black and white. The full color images can be found
38 M. Hulsman et al. / Acta Biomaterialia 15 (2015) 29–38in the on-line version, at http://dx.doi.org/10.1016/j.actbio.2014.
12.019.Appendix B. Supplementary data
Supplementary data associated with this article can be found, in
the online version, at http://dx.doi.org/10.1016/j.actbio.2014.12.
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